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ABSTRACT
In this paper we use Spanish stock market data to identify the
bull and bear phases of the market and to analyze its
characteristics during the period 1941-2002. We compare these
characteristics with those of the US and of two other European
countries (Germany and the UK). Our sample is divided in two
subperiods in order to account for differences induced by the
process of development undergone by Spanish capital markets in the
late 1980's and early 1990's. We find that the Spanish stock market
has become increasingly more similar to those of the more developed
countries, although some differences still persist. Additionally, we
show that concordance of the Spanish stock market with other
developed markets has increased quite significantly.
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fgracia@unav.es1I n t r o d u c t i o n
Financial markets are part of the core institutions in any developed economy. They
facilitate the channeling of savings decisions into productive investment, and are
therefore key in order to guarantee stable long-term growth. The literature that links
economic growth and ﬁnancial development in countries is by now quite extensive
(e.g., King and Levine 1993, Arestis and Demetriades 1997, Levine and Zervos 1998,
Levine et al. 2000, Bekaert, Harvey and Lundblad 2002). The last few decades of
sustained growth, therefore, have come hand in hand with an unparalleled process of
development in the ﬁnancial institutions of all developed, and most of the emerging,
economies.
These processes of ﬁnancial development (i.e. capital market opening, ﬁnancial
liberalization or integration processes, and institutional development of the stock
markets) lead to substantial changes in stock market behavior. A number of papers
in the early 1990’s examined the eﬀects of stock market development and liberalization
processes on the integration of stock markets (see for example Errunza et al. 1992,
Buckberg 1995, Bekaert 1995 and Bekaert and Harvey 1995). After the ﬁnancial crises
of the 1990’s, the more recent literature has focused on the evolution of stock market
comovements, analyzing how the ﬁnancial crises have aﬀected these comovements,
while still putting the results in the context of ﬁnancial liberalization. Examples in
this line are Ramchand and Susmel (1998), Edwards (2000), Bekaert, Harvey and
Lumsdaine (2002a,b), Bekaert, Harvey and Ng (2002), Chakrabarti and Roll (2002),
Chen et al. (2002) and Forbes and Rigobon (2002). The main conclusions from
this strand of literature point at the increased synchronicity of the stock markets
of emerging countries after the ﬁnancial liberalization episodes, a synchronicity that
seemed to become more intense during ﬁnancial crises.
However, little work has been done on examining the characteristics of domestic
stock market behavior and how these characteristics may change as the market de-
velops. A couple of recent contributions (Edwards et al. 2003 and Kaminsky and
Schmukler 2003) have done this: These papers have structured their analysis around
the relationship between ﬁnancial liberalization in emerging countries and stock mar-
ket cycles. They both analyze the stock markets of diﬀerent countries focusing on the
cross-country comparison of the characteristics of upward (“booms” or “bull phases”)
and downward (“crashes” or “bear phases”) movements in the market. They conclude
that ﬁnancial liberalization processes induce signiﬁcant diﬀerences in stock market
behavior and the characteristics of the stock markets in emerging countries become
more similar with those of developed markets.
Most of the literature so far has focused, not surprisingly given their relevance
in the light of recent crises, on emerging countries with or without reference to the
US. However, very little work has been done on the countries that are now considered
developed, but that went through their own development processes a few years earlier.
Spain is an example of a currently developed market that has gone through its
development process not long ago: In 1941 it was still an autarkic, closed economy
with an incipient and underdeveloped stock market. By the end of the 1990’s, Spain
could be counted among the most developed economies of the world, its capital mar-
kets were fully liberalized and it had qualiﬁed to become a founding member of the
European Monetary Union. This recent evolution makes Spain a relevant subject for
2analysis of the impact of the process of economic and ﬁnancial development on the
medium and long term characteristics of its stock market behavior.
This paper focuses on the analysis of the behavior of the Spanish stock market,
following an approach similar to that of Edwards et al. (2003) and Kaminsky and
Schmukler (2003). More speciﬁcally, we are interested in addressing three questions.
First, what are the characteristics of the Spanish stock market in the medium-
term and, speciﬁcally, of the market cycles? We characterize the bull and bear phases
of the Spanish stock market by identifying the cycle phases and measuring a number
of their features. We also analyze the degree of similarity of Spanish cycles with
those of the US and of two other European stock markets (Germany and the UK):
We compare the features across the four countries and test whether cycle phases tend
to occur simultaneously in the diﬀerent countries, a feature we call concordance of
the stock market phases.
Second, have any changes been induced by the process of market development
that Spain went through in the late 1980’s and early 1990’s? Thus, we qualify the
analysis above by comparing the cycle characteristics and the concordance across the
four markets before and after 1990. We assess to what extent the development of the
Spanish stock market brought it more in line with the markets of more developed
countries. Our ﬁndings conﬁrm that the Spanish stock market is now substantially
more similar to other developed markets and it evolves in a more parallel way, both
in short term and medium term ﬂuctuations.
Third, can traditional statistical processes correctly characterize the stock cycles of
the Spanish market or are there features of the empirical cycles that deserve further
attention? We use alternative data generating processes (DGPs) to replicate the
features of the Spanish stock price data, comparing the empirical cycles with those
generated by DGPs. Even though this analysis may seem too technical, it allows us
to detect features of the data that are not well captured by these DGPs and therefore
warrant further analysis and attention. We ﬁnd that simple statistical models can
generate cycles that are very similar to those in the empirical data, but we uncover
a specially interesting feature: During the last few years, stock market returns seem
to accelerate both at the end of the expansions and of the contractions, a behavior
that cannot be well accounted for by statistical models.
The rest of the paper is organized as follows. Section 2 explains the algorithm
used to locate the cycle phases and the battery of measures used to characterize the
behavior of the stock market. Section 3 shows the results of applying these techniques
to the Spanish stock market and comments on the similarities of these phases with
those of other developed stock markets. Special emphasis is placed on the diﬀerences
induced by the process of market development of the late 1980’s and on the issue of
concordance and correlation of the stock markets across countries. Section 4 examines
alternative statistical models in an attempt to replicate the empirical features of the
Spanish data both pre and post market development. Section 5 concludes.
32 Identifying and Describing Market Phases: Method-
ological Issues
2.1 Identifying Market Phases
Our analysis of the cyclical behavior of the stock market is based on the location of
the two diﬀerent phases of the cycle: Bull phases (or “booms”) and bear phases (or
“crashes”). Bull and bear phases in the stock market have been usually deﬁned as
periods of generalized upward trend and generalized downward trend in stock prices,
respectively. However, there is not a more formal deﬁnition of these phases: Practi-
tioners, for example, have used a rule of thumb by which periods during which the
stock market has fallen more than a 20% are identiﬁed with bear phases and periods
during which the stock market has increased more than a 20% are called bull phases.
As a consequence of the direct applicability of business cycle techniques, and of the
increased general interest in the stock market, the behavior of bull and bear markets
in stock prices has received considerable attention in the recent literature, which has
analyzed both the reasons for ﬁnding such cyclical behavior and the methodologies
that should be used to identify and characterize the cycles.
Two explanations have been put forward for the existence of bull and bear markets.
One view considers that major bull and bear markets are purely due to irrational
“animal spirit” (see for example Keynes 1936, Galbraith 1954 and Shiller 1989).
An alternative view states that, although prices deviate from fundamentals in the
short run, that is, in periods of months or a few years, in the long run - decades or
even generations - proportional diﬀerences between market prices and fundamentals
are kept within bounds (see DeLong, 1992 and Siegel, 1998 among others). Under
this interpretation, the major bull and bear markets reﬂect large shifts in consensus
perceptions of fundamentals and expectations of the future.1
On the methodological side, there are two main approaches to locating and ana-
lyzing the expansionary / contractionary phases of the cycles in an economic variable.
One, pioneered by Hamilton (1989) advocates a parametric speciﬁcation of the data
generating process of the variable, where two diﬀerent regimes are allowed, one that
corresponds to the expansions and another that corresponds to the contractions.2
The second approach takes a nonparametric perspective and looks at the original
data series in search for the speciﬁc features of the cycle. More speciﬁcally, this pro-
cedure attempts to ﬁnd periods of generalized upward trend, which will be identiﬁed
with the expansions, and periods of generalized downward trend which will be iden-
tiﬁed with the contractions. The key feature of the analysis is the location of turning
points (peaks and troughs) which correspond to local maxima and minima in the
series. These turning points determine the diﬀerent phases of the cycle, which can
then be subsequently analyzed. This procedure was ﬁrst applied by Bry and Boschan
1The already famous debates between Shiller and Siegel are direct consequence of these two
points of view: See for example Shiller (2000) and Siegel (1998).
2Examples of this approach are Goodwin (1993), Diebold and Rudebusch (1996) and those in
the book by Kim and Nelson (1999) for real cycles and Hamilton and Lin (1996), Ramchand and
Susmel (1998) and Maheu and McCurdy (2000) for stock market cycles.
4(1971) to the analysis of business cycles.3
In this paper we use the nonparametric approach to detect the expansionary and
contractionary phases of the stock market.
Throughout the paper,  denotes the natural log of the stock price, ln().I ti s
clear that the peaks and troughs for both series have to be the same. A peak/trough
in the series of stock prices  is deﬁned if  is the highest/lowest in a window of
width 8.4 That is, there is a peak at  if
[−8−1    +1+8] (1)
and there is a trough if
[−8−1    +1+8] (2)
In order to ensure that we do not identify spurious phases we include the following
four censoring criteria:
1) We eliminate turns within eight months of the beginning / end of the series.
2) Peaks or troughs next to the endpoints of the series are eliminated if they are
lower/higher than the endpoints.
3) Complete cycles of less than 16 months of total duration are also eliminated.
4) Phases of less than four months are eliminated unless the fall / rise exceeds 20%
(the traditional rule of thumb for identifying a stock market cumulative movement
as bullish or bearish).
After every censoring operation, alternation is enforced so that a peak will always
follow a trough and viceversa. Alternation is achieved by taking the highest (lowest)
of two consecutive peaks (troughs).
2.2 Describing Bull and Bear Phases
Once the bear and bull phases have been identiﬁed, we calculate a battery of statistics
that describe the behavior of stock prices in each of the phases. This behavior can then
be compared across countries and across phases, in search for relevant diﬀerences that
may shed light on the determinants of stock market evolution. We use four diﬀerent
measures of cyclical behavior: Duration of the phases, average return /loss during
the complete phase (amplitude), shape of the phase and volatility within the phase.
In order to compute the diﬀerent statistical measures we construct an indicator
of whether the market is in a bull or bear phase at that particular point in time: We
3This approach has recently been used by Watson (1994) and Harding and Pagan (2000, 2002)
for business cycles, and by Edwards et al. (2003), Kaminsky and Schmukler (2003) and Pagan and
Sossounov (2003) for stock markets. We do not comment on the advantages and disadvantages of
one approach vs. the other. A fascinating discussion can be found in the exchange between Hamilton
(2003) and Harding and Pagan (2003a,b).
4The results may be slightly sensitive to the choice of the window width. We use eight months
as suggested by Pagan and Sossounov (2003): The usual choice of window width for business cycle
analysis, based on the characteristics of this type of c y c l e s ,i s1 2m o n t h so r4q u a r t e r s .I ti sr e a s o n a b l e
that stock market cycles must be allowed to be shorter than business cycles, and so 8 months seems
to be a good compromise in that it is not too short - so as to avoid identifying spurious short phases
- and it is smaller than the width used for real cycles.
5deﬁne two dummy variables: , which takes the value 1 if there is a bull market at
time  and 	 =1− , which is an indicator for a bear market. Throughout the
paper we refer to ∆ as returns, given that our data series is adjusted for dividends,
though it literally corresponds to capital gains. Most of the parallel studies (Pagan
and Sossounov, 2003; Aggarwal et al., 1999) use capital gains of dividend adjusted
prices, and we follow that approach. Two ancillary statistics can then be calculated:
Total time s p e n ti na ne x p a n s i o ni s
P
=1  and total time spent in a contraction is P








=1 	(1−	+1)−1.5 We also deﬁne the cumulated change
over any expansion as 
 = −1 + ∆, 0 =0 .  contains the running sum
of returns ∆ for bull markets (similar deﬁnition with 	 for bear markets) with the
sum reset to zero whenever  =0 .
The four characteristics of the phases of the market that we study are:






























3) Excess Index (EX): An index that measures the excess with respect to a trian-
gular approximation can be calculated as
d  =
³




for both expansions and contractions. The ﬁrst and second terms in the numerator
approximate the area between the real path followed by the series (area b )a n dt h e
triangular path (area measured by 05 b · b ). The third term corrects for the discrete
approximation used in computing the real path with b .6 The denominator makes
5Given that we only analyze complete phases, the initial and ﬁnal phases are not counted. That
i st h er e a s o nf o rt h e“ −1” term in the formulas. However, if the initial and ﬁnal phase are the same,
then the adjustment does not apply to the other type of phase. For example, if the initial and ﬁnal
phases are bullish, the number of complete bull phases would be  =
P
=1 (1−+1)−1 and
the number of bear phases would be  =
P
=1 (1 − +1)





























6the measure relative to the size of the phase.
4) Volatility (V): We use a measure of variability within each phase, which is a
simple indicator of how volatile the price is in each of the two phases. Instead of
the squared changes in prices ∆2
 we use the absolute value |∆|,t om a k es u r et h a t
the index is less sensitive to unusually big changes which frequently occur in stock

















One of the advantages of our approach is that it allows us to compare the actual
stock market cycle to benchmarks characterized by random walk-based models. As
pointed out above, if the true data generating process is indeed a random walk, the
actual cyclical behavior would follow a triangular path. If, however, actual cycles
depart from those coming from a random walk, the cyclical pattern could take a
number of alternative forms. Figure 1 depicts the four possible shapes of the market
behavior depending on whether the market is bull or bear and the EX index is
positive or negative.7
[Insert Figure 1]
Given that we can estimate the parameters of any statistical model for our can-
didate countries, we can use those parameters to simulate the time series under that
data generating process as null hypothesis. Thus, we can construct a distribution
of the diﬀerent measures under that null hypothesis and perform a formal test. All
four measures can be used to test some statistical model and in Section 4 we provide
critical values, and therefore formal tests, for duration, amplitude,t h eEX index and
the volatility measure. However, the ﬁnding that a statistical model cannot correctly
replicate the values of the EX index - and this happens to be the case quite often, in
fact more often than with the other measures - is especially interesting. As it can be
seen in Figure 1, a value of the EX index signiﬁcantly diﬀe r e n tf r o mt h a ti m p l i e db y
the statistical model shows a diﬀering behavior of the return variable at the begin-
ning and the end of the phase. Thus, it points at the existence of a certain type of
predictability that is quite diﬃcult to capture with traditional statistical models.
3 Cycles and Development in the Spanish Stock
Market
In this Section we analyze the bull and bear phases in the stock market in Spain
placing special emphasis in the comparison with the stock markets in Germany, the
This measure is a discrete time approximation to the integral below (above) the bull (bear) market.
7These shapes can be thought as telling when the phase “accelerates,” that is, where in the phase,
either at the beginning or at the end, the biggest returns are located. A positive excess measure in
a bullish market denotes that the ﬁrst periods of the phase are those of higher (accelerated) returns
whereas a positive excess measure in a bearish market shows that it is at the end of the phase that
the bigger negative returns happen. The opposite would be true of negative excess measures.
7UK and the US. In order to do this, we ﬁrst apply the dating algorithm to locate the
diﬀerent phases. Once the phases have been identiﬁe d ,w ec o m p a r et h em a i nc h a r -
acteristics of the bull and bear phases: Duration, amplitude, EX index and volatility.
We then use a concordance index and a measure of correlation of returns during the
bull and bear phases to compare how aligned the cycle phases are in pairs of countries.
We thus study the comovement or synchronization of the Spanish stock market with
the other three developed markets.
The analysis of bull and bear phases by deﬁnition focuses on the medium to long-
term evolution of the stock market and thus requires the use of a long time series of
data. A problem that arises - and that, given the increasing importance of ﬁnancial
markets, seems especially relevant in our context - is that there may be structural
breaks in the evolution of the stock market. For example, both Edwards et al. (2003)
and Kaminsky and Schmukler (2003) ﬁnd evidence for signiﬁcant diﬀerences in stock
market behavior in emerging countries before and after the ﬁnancial liberalization
episodes of the early 1990’s. European countries are not an exception, especially in
the light of the recent processes of development and opening to international ﬂows
that their ﬁnancial markets have gone through. These processes most likely have
aﬀected the way domestic stock markets behave and the way they move with respect
to one another. This is probably more relevant in the case of Spain, since in the
last decades its stock market has undergone profound changes, both because of the
growing importance of the ﬁnancial system and because of the capital market liberal-
ization required by the joining of the European Union (EU). In order to address this
issue, in the analysis that follows we divide the sample in two subperiods, setting the
break in 1990. In order to rationalize the choice of the breakpoint, we brieﬂy outline
now some of the relevant events that aﬀected the Spanish stock market around that
date.
3.1 Stock Market Development in Spain
At the end of the 1980’s the Spanish stock market was aﬀected by several events, the
most important of which were probably the passing of the Stock Market Law of 1988
and the requirement, stemming from the Maastricht Treaty, that ﬁnancial markets in
Spain be completely opened to international capital ﬂows shortly after 1990. These
two events were determinant in the development and consolidation of the Spanish
Stock Market.
The Stock Market Law of 1988, enacted in July 1989, gave a new legal framework
to the Spanish stock market that brought about profound institutional changes and
facilitated its complete incorporation into the international stock exchange system.
A new monitoring institution (the National Stock Market Commission) was created,
along with a sanctioning system for individuals and corporations participating in the
markets. More stringent informational requirements were speciﬁed for primary mar-
kets. The reform also outlined the creation of Securities Companies and Agencies
(SCA’s) which would become the authorized operators in the secondary market. In
conjunction with these reforms, which aﬀected the institutional and constitutive as-
pects of the Madrid, Barcelona, Valencia and Bilbao Stock Markets, the Continuous
Market began to function in April of 1989. This electronic system represented a leap
f o r w a r di nt h ee ﬃciency of transactions since the matching of buy and sell orders was
8done in real time over the computerized system. Most of the activity in the markets
began to be channeled through this Continuous Market with the subsequent increase
in both trading and the speed of trade.
The institutional development of the Spanish stock market did not ﬁnish with the
passing of the Stock Market Law: Other secondary markets, most noticeably those
for ﬁnancial derivatives, were added shortly afterwards and authorization to act as an
organized AIAF market, a ﬁxed income market for wholesalers, was obtained during
these years. For all purposes, the Spanish stock market currently presents all the
necessary systems and institutions to function as competitively and eﬃciently as the
markets in other developed economies.
Almost simultaneously to the passing of the Stock Market Law, and the subse-
quent surge in activity, Spain went through the stages required by the Maastricht
Treaty to participate in EMU. The Treaty was signed in late 1991, but the Delors
Report, released on 17 April 1989, had already suggested a three-stage plan towards
full monetary union. Stage One of this plan was implemented in July 1990, when the
requirement that capital markets be fully liberalized among EU members and progres-
sively opened to international ﬂows was enacted for most EU members - Spain was
allowed to delay this process until the end of 1992.8 This contributed to the creation
of an EU-wide ﬁnancial market, and the volume of intra-EU ﬁnancial transactions -
and also of transactions from without the EU - increased by orders of magnitude.
Both the legal and operational development of the market and the deepening of
its integration with other EU and international markets had noticeable eﬀects on the
behavior of the Spanish stock market and its relationship with other markets. Thus,
and given that both events occurred in the early 1990’s, we consider 1990 as a year
marking a “before and after” in the history of the Spanish market. Consequently, in
the analysis that follows the sample period has been divided into two subperiods, the
ﬁrst one comprising the years from 1950 until the end of the last cycle before 1990.
The second subperiod contains the remaining data up to 2002.9
3.2 Bull and Bear Characteristics
In order to investigate the basic features of the Spanish stock market we use a monthly
series of an index of Spanish stock prices from 1/1941 to 12/2002 obtained from the
Research Department of the Madrid Stock Exchange. The stock market indices for
Germany, the UK and the US have been obtained from the DRI database (former
CITIBASE). The sample period for these indices goes from 1/1949 to 12/2002, so
we restrict our analysis of the Spanish data to this slightly shorter sample. Table
1 presents the results, for the two subperiods, of the basic measures of the bull and
bear phases of the four stock markets. Also, Figure 2 presents the evolution of the
stock index for Spain, where the bull periods have been shaded to facilitate visual
8The Delors Report encompassed the requirements of Directives 86/566/EEC and 88/361/EEC.
The former provided for the unconditional liberalization of capital movements associated with long-
term credits related to commercial transactions and with the integration of the national securities
markets. The latter lifted all remaining restrictions on capital movements between EU member
states, giving Greece, Ireland, Portugal and Spain a transitional period.
9Alternative results using 1973 as the splitting date are available from the authors. Those results




Stylized facts of cycle behavior can be summarized as follows. First, bull markets
tend to be signiﬁcantly longer than bear markets. Second, volatility within the phase
is similar both for bear and bull markets suggesting an average size of monthly returns
( i na b s o l u t et e r m s )o fa r o u n d4 %i nb o t hu p w a r da n dd o w n w a r dp e r i o d s .E v e ns o ,
the value of the volatility tends to be slightly higher during the bear phases, thus
suggesting increased market instability during contractions. Third, amplitudes of
bull markets tend to be much larger than those of bear markets. The values of
the EX index seem to point at the fact that expansions deviate from a triangle
approximation much more than contractions. It would be tempting to conclude from
this ﬁnding that we have uncovered signiﬁcant departures from the random walk
behavior similar to those mentioned in Pagan and Sossounov (2003). However, we
perform formal signiﬁcance tests in Section 4 and show that these empirical value of
the excess measure is consistent with traditional statistical models.10
Across countries, some regularities arise. Bear phases are very similar across all
four countries, although those in the more developed markets (the UK and the US)
seem to be slightly shorter and have less amplitude. Bull phases, however, are quite
diﬀerent in terms of duration and the value of the EX index. Amplitude of bull
phases is similar, especially in the second subperiod. The measure of volatility is
also comparable for both phases: There does not seem to be a clear pattern across
countries, although European countries have higher volatility than the US.
We focus now on the diﬀerences between the two subperiods. Panel A shows
the main characteristics in the pre-development period. Across countries, average
duration for both bull and bear phases are greatest in the case of Spain. Also, the
amplitude for the bull phase is signiﬁcantly larger for Spain. Bear markets have
similar characteristics across the board, although still the bear markets of Germany
and Spain are larger than those of the US and the UK. These features - longer bear
phases and larger bear and bull phases - have been found to be characteristic of less
developed markets (Edwards et al., 2003). Here the diﬀerences are not as marked as
they are in the case of emerging markets, but still the evidence supports that Spain
- the less developed market in our group during the subperiod years - tended to have
larger phases in terms of amplitude that, in the case of bear markets, were also longer.
Volatility in Spain is similar to that of the other European markets but signiﬁcantly
higher in both phases than that of the US. To sum up, the Spanish stock market was
signiﬁcantly diﬀerent from the other three - which were more homogeneous despite
some existing diﬀerences, especially in volatility - during the years prior to 1990.
10In particular, simulation of a random walk with drift shows that such a process generates cycles
with positive EX index during the bull phase and negative during the bear phase. This is contrary
to the general statement in Harding and Pagan (2000, 2003a) that random walks - with or without
drift - generate cycles with zero excess measure. In the case of a random walk with drift, if the
drift is signiﬁcantly large compared to the standard deviation of the innovation, the distribution of
the EX index is not centered at zero, but at a positive value for bull phases and a negative value
for bear phases. We do not present these simulation results - the simulated statistics in Table 5 all
correspond to models with autocorrelated returns - but they are available from the authors.
10Moreover, these diﬀerences were similar to those reported for less developed markets
with respect to the US.
In the post-development subsample (Panel B) it can be seen that the amplitude
of the bull phases and the duration of the bear phases decrease in the case of Spain,
bringing the Spanish market more in line with the characteristics of the other markets:
Less time is now spent on bear phases, and the swings during the bull phase are
less acute. Except for the short duration of bull phases, the market in Spain post-
1990 has become more similar to the other, more developed markets.11 Furthermore,
the numbers for Spain look signiﬁcantly more similar to those in Germany - except
for bull duration - than in the pre-development period, thus giving evidence, which
will be reinforced in the next subsection, that the deepening of the integration of
European ﬁnancial markets had a signiﬁcant eﬀect of equalizing stock market behavior
in the members of EMU. It is noticeable that volatility in both Germany and Spain
- this result is not so clear for the US or the UK - increases signiﬁcantly in this
second subperiod. This ﬁnding is not surprising, given that one of the eﬀects of the
internationalization and development of capital markets is a surge in trading activity
that generates an increase in volatility. The reduced volatility in the case of the UK -
whose market goes from being more volatile than those of Germany and Spain to being
signiﬁcantly less so - is a little more puzzling, though that eﬀect may be attributed to
their leaving the European Monetary System in 1992. Further regularities appear in
this second subperiod: Expansions are bigger whereas contractions are smaller. We
defer our comments on the EX index to Section 4, where a more interesting picture
can be obtained.
In conclusion, the evidence seems to point at the fact that the behavior of the
Spanish stock market did indeed change after the process of market development,
becoming more similar to that of older, more developed markets.12
3.3 Concordance of Cycle Phases
We study now the evolution of the concordance or synchronicity of the stock market
in Spain with that of the other three countries. We use the concordance index ()
of cycle phases. This index compares how aligned or concordant the cycle phases
in two diﬀerent countries are and has been used for example in Harding and Pagan























 =1identiﬁe sab u l lm a r k e ta tt i m e in country  and 		
 =1identiﬁes a
bear market at time  in country .T h i si n d e xc a l c u l a t e st h en u m b e ro fp e r i o d sf o r
11The time series for the post-development period is signiﬁcantly shorter than that of the ﬁrst
subperiod. This could inﬂuence the post-development results. It seems that only the result of
duration of Spanish bull phases is distorted by two short bull phases in the early 1990’s. The values
for all other characteristics, including those for bear markets, are quite consistent with the increased
similarity of the Spanish stock market with the more developed markets.
12Edwards et al. (2003) found a similar result for Latin American stock markets following the
processes of ﬁnancial liberalization that these countries went through during the late 1980’s.
11which the two countries are in the same phase, either bull or bear, and averages out
over the  periods.
Additionally, we calculate cross-correlations of returns, a more traditional mea-
sure of comovement. We believe that both measures are complementary: Correlation
coeﬃcients tend to place more emphasis on the short-term movements of the mar-
ket, since they are quite sensitive to outliers. The use of a binary variable in the
 to identify the phase circumvents this problem, and the  focuses more on the
medium-term movements that determine the diﬀerent phases of the cycle.
In Table 2 we present the bilateral  among the diﬀerent stock index series over
the subperiods. Critical values for signiﬁcance testing of the concordance indexes
have been obtained by simulation: First, we simulated independent bivariate series
of stock prices with the same drift, variance and autocorrelation coeﬃcient of returns
as the country series.13 We then calculated the simulated distribution of all bilateral
coincident indexes and found the 2.5% and 97.5% critical values. If the empirical
values lie outside of this simulated conﬁd e n c ei n t e r v a l ,o n ec a nr e j e c tt h eh y p o t h e s i s
that the two series have phases that come from independent processes.14
[Insert Table 2]
Values of the index are usually bigger than 0.5,15 b u tt h e ya r ei ns o m ec a s e s
not big enough to justify the claim that the markets are subject to phases that are
signiﬁcantly correlated. In Panel A we present the concordance indices during the
pre-1990 period. Only the index of Germany and the UK is above the critical level of
positive concordance. Thus, evidence for concordance of stock market phases before
1990 is very weak: The markets of these four countries seemed to be in diﬀerent
phases at diﬀerent points in time, with no clear tendency to be in the same phase.
The results in Panel B, which correspond to the post-development period, are on
the other hand, quite striking: All pairs of countries exhibit now concordance indices
well above the critical values for signiﬁcance. These results point at the fact that the
process of stock market development and integration - which took place in the other
countries as well as in Spain - has contributed to a more intense synchronization of
the stock markets, which now tend to be simultaneously in the same phase.16 Of
course, the analysis of phase concordance refers to a medium-term synchronicity of
the stock markets. The analysis of simple return correlations might shed a little light
on the shorter term evolution of these markets.
Table 3, also divided in two panels, presents the simple correlation coeﬃcients for
returns, which tell the same story as the concordance indices: During the last ten
13A GARCH/EGARCH process could have been used alternatively. We show in Section 4 that
these two models, along with the simple AR(1)-returns used here, are the models which best replicate
the features of the data.
14Note that this procedure is a parametric bootstrap procedure suggested, for instance, by Mad-
dala and Li (1996).
15This is the mean of the simulated distributions: If the phases in two countries were perfectly
aligned, we would ﬁnd a 
 of 1, and if they were perfectly misaligned we would ﬁnd a 
 of 0.
16It is worth nothing that the pair Spain - Germany presents the higher CI in the post - devel-
opment period whereas in the pre-development period their CI was the smallest of all pairs. The
greater openness of intra-EU ﬁnancial markets induced by the integration process may be behind
this result. Also, the CI for Spain - UK increases quite noticeably during the second subperiod.
12years the short-term movements in the four stock markets have become increasingly
synchronized, and the markets now move closely together, this being more noticeable
for the European countries among themselves.
[Insert Table 3]
T h es t a t i cc o e ﬃcients in Tables 2 and 3 are enough to give evidence in favor of the
signiﬁcant increase in comovement or synchronicity between European markets and
the US. An interesting complement to this analysis comes from calculating rolling
’s and rolling cross-correlations. By using a moving window and representing the
evolution of the comovement measures we can track how the increased comovement
has evolved over time. Figure 3 shows the rolling ’s and cross-correlations for all
six country-pairs using a window of width 50. These graphs tell a story similar to that
of the static coeﬃcients: An increase in comovement - measured by either coeﬃcient
- is apparent in all country pairs during the last two decades. However, the case of
Spain is worth mentioning. Before the mid 1980’s, the Spanish stock market was not
synchronized with the US and it even moved in the opposite direction to those of
Germany and the UK. Notice that the ’s of Spain with Germany and the UK are
the only that drop below 0.5 for long periods of time, indicating that the countries
tended to be in opposite phases of the cycle. This completely changes after the mid
1980’s, and the Spanish market enters in phase, and very signiﬁcantly so, with the
other three markets. Additionally, it can be seen that Germany and the UK have
always been quite concordant markets, but in the last years their concordance with
the US has also increased. All these ﬁndings put together tell an important story: The
more developed European markets and the US have tended to be quite concordant
in the last ﬁfty years, but that was not the case with Spain. In the last decade and a
half, however, the Spanish market has become highly concordant with its European
neighbors, and with the US.
[Insert Figure 3]
This analysis of market comovement also supports the story that during the last
ﬁfteen years and after the deepening of the integration of European capital markets
and the further development of the stock market in Spain, this market has started to
behave much more similarly to the more developed markets of the world.
4 Can Statistical Models explain Spanish Stock
Market Cycles?
In this section we analyze alternative data generating processes (DGPs) for stock
returns and investigate whether they produce cycles with similar features to those
encountered in the historical data. The motivation is clear: We run a horse-race of
statistical models previously applied to the stock market in order to check whether
these models can replicate the relevant characteristics of the Spanish stock market
both before and after the ﬁnancial development process, and if not, which features
are well accounted for and which are not and therefore should be analyzed in greater
detail. Previous research has shown that traditional statistical models can usually
not replicate correctly the characteristics of the cycle phases (Pagan and Sossounov,
132003) and that less developed markets usually present more marked deviations from
the behavior implied by statistical models (Edwards et al., 2003). Thus, given the
above results we would expect that the behavior of the Spanish stock market in the
last two decades can be better replicated by statistical models, and we carry out a
simulation experiment that tries to examine this eﬀect.
The models considered can be ﬁtted to the data and used to forecast future
returns. They all fare well when ﬁtting the data in sample and quite poorly when
forecasting out of sample returns. It is, therefore, diﬃcult to discriminate between
them on the basis of ﬁt of return behavior. One way to discriminate eﬀectively
between models is by looking at their ability to replicate the empirical features of
the stock market cycles. These features, some of which we described in Section
3, characterize the behavior of stock prices during both bull and bear phases. By
comparing the features of the phases implied by statistical models and those of the
empirical data, we can discern whether the statistical models correctly characterize
the behavior of the stock market. More importantly, not only are we going to be able
to discard some of the models in terms of their inability to replicate the empirical
features of the data, but also we may be able to uncover regularities in the market that
cannot be accounted for by statistical models. Hence, we are not only interested in the
- purely statistical - question of whether formal models can account for the behavior
of an empirical measure, but also in the more relevant question of whether developed
markets behave more in line with random walk-based models of unpredictable - or
predictable with a simple structure - returns.
4.1 Simulation of the Return Process
The models estimated parallel the list in Pagan and Sossounov (2003), although we
include a stochastic volatility model and do not include duration dependence in the
Markov switching model. The DGPs analyzed are:
I) AR(1) returns (AR).
II) AR(1)-GARCH(1,1) returns (GARCH).
III) AR(1)-EGARCH(1,1) returns (EGARCH).
IV) AR(1) returns with stochastic volatility (SV).
V) AR(1) returns with Markov switching mean returns and volatilities (MS).
The Appendix develops these ﬁve models in greater detail. We have estimated
the models using the Spanish data. Parameter estimates for the two subperiods are
shown in Table 4. Notice that the table has the coeﬃcients split into those relating
to the mean equation (constant of the mean equation, autoregressive component of
returns and the regime means in the case of the regime switching model) and those
i nt h ev a r i a n c e .T h ec o e ﬃcients for the variance equation are presented in the Table
i nt h es a m eo r d e ra si nt h eA p p e n d i x .
[Insert Table 4]
The estimated coeﬃcients were then used to generate simulated time series of
stock prices. The simulations consisted of series of 10,000 observations.17 We then
17We also simulated series of the speciﬁc length of the Spanish time series. The results did not
change signiﬁcantly, and consequently we do not include them in Table 4.
14identiﬁed the turning points, dated the cycle phases and calculated the cycle char-
acteristics for each simulated series. The same procedure would be repeated 1,000
times, the resulting characteristics averaged and critical values were calculated from
the empirical distribution of the simulated characteristics.
4.2 Results of the Simulation Experiment
Table 5 shows the average and the 95% critical values of the simulated distribution
of the four characteristics for each of the models considered. We have highlighted in
bold font the characteristics for which the empirical measure of the Spanish market
is contained in the 95% interval of the simulated distribution - i.e, the speciﬁcm o d e l
considered generates cycles compatible with the empirical measure.
[Insert Table 5]
Panel A shows the average and critical values of the simulated DGPs using the
parameters from the estimation with the Spanish data for the subperiod 1950-1989.
The models that best replicate the empirical features of the data are the GARCH,
EGARCH and the SV models, all of which specify a changing volatility structure to
the data. Speciﬁcally, of the eight possible measures that the models could replicate -
four for each type of phase - the SV model captures six of them, the EGARCH ﬁve and
the GARCH three. It is especially noticeable that the GARCH and EGARCH models
overestimate the value of volatility in both phases, which gives special relevance to
the SV model as being ﬂexible enough to capture both the evolution in mean and
the volatility with relatively few parameters. The three models replicate fairly well
the behavior during bull phases whereas they fail to explain correctly bear phases.
In particular, only the EGARCH model generates bear phases of similar amplitude
and none of the ﬁve models can account for the duration o ft h eb e a rp h a s e s .T h eA R
and the MS models perform quite poorly, capturing only two and one of the eight
features respectively. In all cases the value of the EX index for bull phases is well
captured and, at least, the EGARCH and the SV models generate also bear phases
with similar value of the index. Thus, it seems that these simple models can account
quite well for the behavior and shape of the cycles in the Spanish stock market prior
to 1990, without having to resort to more complicated models such as two-regime
speciﬁcations.
Things change quite a bit when we analyze the results in Panel B, that correspond
to the period post-1990. Now both the EGARCH and the SV models fail to capture
the behavior of the post-1990 market - they replicate two and none of the eight
features respectively. It is the GARCH model that now fares better, being able to
explain ﬁve of the features, including the two values of volatility. Duration of the
bull phases is not correctly replicated by any DGP, although this can be due to
the bear phase of 1998 which gives rise to two shorter bull phases. In any case,
both the amplitude and the volatility of bull phases is well captured by the AR and
the GARCH. Bear phases are well explained by the GARCH model, which perfectly
replicates duration, amplitude and volatility. However, the most striking ﬁnding comes
from looking at the values of the EX index.N o n eo ft h em o d e l sc a ng e n e r a t ec y c l e s
with shapes similar to those we ﬁnd in the empirical data. This is true for both bull
15and bear phases, and, what is more relevant, the direction of the failure is always
the same: All ﬁve DGPs generate bull phases that have too large EX index and bear
phases that have too negative EX index. In other words, given the behavior that our
simple models would imply, the bull phases of the Spanish stock market in the 1990’s
have had the shape in Figure 1B and bear phases have had the shape in Figure 1C. In
both cases we see that the bigger positive returns during market expansions and the
more negative returns during market contractions are located at the end of the phase.
This ﬁnding has not been pointed out, to our knowledge, before. It is relevant in the
light of seeing how simple models such as a GARCH speciﬁcation can correctly explain
all other characteristics of the cycle phases. This departure - that we term return
acceleration - of the empirical EX index from what is implied by the statistical DGP
is pointing at the existence of a diﬀerent, or at least non-traditional, predictability in
the market, which deﬁnitely warrants further attention. The analysis of the bull and
bear phases has been able to uncover this behavior, which was concealed in market
analyses that did not diﬀerentiate between the two types of market phases.
5C o n c l u s i o n s
This paper uses monthly stock market data to study the characteristics of bull and
bear phases of the Spanish stock market during the period 1/1950-12/2002. In or-
der to detect cyclical patterns in stock prices we use the Bry-Boschan business cycle
dating algorithm and measure some characteristics of the bull and bear phases of the
stock cycles: Average duration,a v e r a g eamplitude, excess from a triangle approxima-
tion and volatility within the phase. We compare these characteristics with those of
Germany, the UK and the US. We divide our sample into two subperiods correspond-
i n gt ot h ey e a r sb e f o r ea n da f t e rt h eﬁnancial development process that Spain and
other EU countries went through in the late 1980’s and early 1990’s. Our results show
that after the development period the Spanish market has behaved more similarly to
other developed markets, although some diﬀerences still remain - mostly with respect
to the US, although it could be argued that the behavior of the US stock market
has been itself a little unusual. More relevantly, the evolution of the Spanish market
became signiﬁcantly more concordant in both short and medium-term movements,
especially with Germany and the UK, that were direct partners in the process of
ﬁnancial uniﬁcation. Once we identify the main characteristics of bull and bear mar-
kets we simulate some typical data generating processes associated with the stock
market in order to identify which of these processes can successfully replicate the
characteristics of the empirical cycles. Our main results regarding Spanish bull and
bear cycles agree closely with those in the traditional literature about other developed
countries, where it is found that some simple models of stock market behavior can
do a good job at replicating the features of the empirical data, whereas more sophis-
ticated models (and more diﬃcult to estimate) oﬀer very little, if any, improvement.
However, no model is able to replicate all the features of the cycles, and some of those
that perform the best present some puzzling results (e.g. GARCH models tend to
overestimate the volatility of the market whereas a simple autoregressive process does
not). The most interesting result comes from the fact that none of the models is able
to explain the shape of the Spanish cycles after the development process: Returns
16in the market tend to accelerate at the end of both bull and bear phases. This was
not the case before market development, a subperiod for which the statistical models
could actually generate cycles with the same shape as the empirical ones. Finding a
reason for this market acceleration at the end of the phase, and why this is happening
now and not before, becomes an interesting question for future research.
More research is warranted in order to explain the relevant features of the data
and why these features change with market development. Current theoretical models
that generate stock market cycles do not do a good job at replicating the features
of the market - Pagan and Sossounov (2003) calibrate some well-known theoretical
models and ﬁnd that they do not perform well when generating the empirical cycles
- and thus it seems necessary to put further eﬀort in developing new models that can
successfully account for the behavior of the data.
6 Appendix: Models Simulated for Spanish Data
I) AR(1) returns (AR).G i v e nt h a t =l n ( ), ∆ =  − −1 is identiﬁed with
the return on the stock market index, our ﬁrst model is:
∆ =  + ∆−1 +   → (01) (8)
This model postulates that there may be some autocorrelation in returns, denoted
by , which makes the return somehow predictable.18
II) AR(1)-GARCH(1,1) returns (GARCH). This model allows for the vari-
ance to change over time, depending on the value of the last return (ARCH eﬀect)
and on the value of the variance in the previous period (GARCH eﬀect).
∆ =  + ∆−1 +   → (01) (9)

2





III) AR(1)/EGARCH(1,1) returns (EGARCH). This model complements
the previous one by allowing for a leverage eﬀect in the variance equation by which
negative past returns would have a higher impact on the variance. Given the features
of the data, this is the most complete speciﬁcation: It includes the drift and auto-
correlation in the mean equation for returns, and the conditional heteroskedasticity,
with the implied excess kurtosis, and asymmetric eﬀect on volatility in the variance
equation. One would expect this model to be the best in replicating the features of
the Spanish cycles. The model can be expressed as
∆ =  + ∆−1 +   → (01) (10)
ln
2
 =   = !0 + !1−1 + !2 |−1| + !3 ln
2
−1
18If  contains dividends, as our stock prices do, then ∆	 indeed corresponds to market re-
turns. The dating of phases with capital gains (i.e. using stock indexes that have been adjusted
for dividends) could in principle be diﬀerent, especially in the light of recent changes in dividend
policies. However, at least in the case of our countries the dating of the cycle phases does not diﬀer
substantially when using capital gains instead of returns.
17IV) AR(1) returns with Stochastic Volatility (SV). Stochastic Volatility
models have the advantage that they allow for a richer time structure on the volatility.
An SV model looks like
∆ =  + ∆−1 +   → (01) (11)
ln
2
 =   = !0 + ! −1 + ""  → (0
2
)
This model is very intuitive, for it is capturing most of the features of the time
series with a simple AR(1) structure on the variance, that includes now an innovation
(unlike GARCH or EGARCH models, where the volatility is adapted to the infor-
mation set −1). However, the model is quite diﬃcult to estimate: The volatility
process contains an unobserved disturbance and is itself unobservable, so the likeli-
hood function cannot be computed in the usual way. We follow one of the traditional
procedures for estimating SV models and use quasi-maximum likelihood to estimate
the parameters. Details can be found in the comprehensive review by Ghysels et al.
(1996) or in Ruiz (1994).
V) AR(1) returns with Markov Switching mean returns and volatilities
(MS), with two states. This model has become the traditional parametric framework
for analyzing business cycles, where the two states are identiﬁed with expansions /
contractions, and stock market cycles, where the states are identiﬁed with bull / bear
markets. We estimate a simple two state regime switching model.
Think of a model with two states, 1 and 0, where 1 indicates “bull” and 0 indicates
“bear.” The behavior of returns in the two states is allowed to diﬀer, and can be
expressed as
∆ =  + ∆−1 +   =1 0 (12)
At each point in time the process followed by returns is in one of the states, but
there is a transition matrix that contains the probabilities that, given that the state at
time  is ,t h es t a t ea tt i m e+1will be +1.T h i sm a t r i xi s
µ
11 1 − 22
1 − 11 22
¶
.
A comprehensive treatment of the model and how the likelihood can be constructed
from the transition probabilities is found in Hamilton (1994). This model has a total
of eight parameters, three for each state and the two transition probabilities, but we
reduce it to 7 by forcing the AR(1) parameter to be equal across states. Thus, we
can write the process for ∆ as
∆ =( 1 + ∆−1 + 1) +( 0 + ∆−1 + 0)(1− ) (13)
( = |−1 = )=
	
where 1 refers to the parameters in the bull state and 0 to the parameters in the bear
state.
18References
Aggarwal, R., Inclan, C. and R. Leal (1999) Volatility in Emerging Stock Markets.
Journal of Financial and Quantitative Analysis 34: 33-55.
Arestis, P. and P.O. Demetriades (1997) Financial Development and Economic
Growth: Assessing the Evidence. Economic Journal 107: 783-799.
Arestis, P., Demetriades, P.O. and K. Luintel (2001) Financial Development and
Economic Growth: The Role of Stock Markets. Journal of Money, Credit, and Bank-
ing 33: 16-41.
Bekaert, G. (1995) Market Integration and Investment Barriers in Emerging Eq-
uity Markets. World Bank Economic Review 9: 403-444.
Bekaert, G. and C.R. Harvey (1995) Time-varying and World Market Integration.
Journal of Finance 50: 565-613.
Bekaert, G., Harvey, C.R. and R. Lumsdaine (2002a) The Dynamics of Emerging
Market Equity Flows. Journal of International Money and Finance 21: 295-350.
Bekaert, G., Harvey, C.R. and R. Lumsdaine (2002b) Dating the Integration of
World Equity Markets. Journal of Financial Economics 65: 203-249.
Bekaert, G., Harvey, C.R. and C. Lundblad (2001) Emerging Equity Markets and
Economic Development. Journal of Development Economics 66: 465-504.
Bekaert, G., Harvey, C.R. and C. Lundblad (2002) Does ﬁnancial market liberal-
ization spur growth?. Working paper, Duke, Columbia and Indiana Universities.
Bekaert, G., Harvey, C.R. and A. Ng (2002) Market Integration and Contagion.
Mimeo.
Buckberg, E. (1995) Emerging Stock Markets and International Asset Pricing.
W o r l dB a n kE c o n o m i cR e v i e w9: 51-74.
Bry, G. and C. Boschan (1971) Cyclical Analysis of Time Series: Selected Proce-
dures and Computer Programs.N e wY o r k :N B E R .
Chakrabarti, R. and R. Roll (2002) East Asia and Europe during the 1997 Asian
Collapse: A Clinical Study of a Financial Crisis. Journal of Financial Markets 5:
1-30.
Chen, G.M., Firth, M. and O.M. Rui (2002) Stock Market Linkages: Evidence
from Latin America. Journal of Banking and Finance 26: 1113-1141.
DeLong, J.B. (1992) Bull and Bear in the United States. In: P.Newman, M. Mil-
gate, J. Eatwell (ed.) The New Palgrave Dictionary of Money and Finance. London:
Press Limited.
Diebold, F.X. and G.D. Rudebusch (1996) Measuring Business Cycles: A Modern
Perspective. Review of Economics and Statistics 78: 67-77.
Edwards, S. (2000) Contagion. World Economy 23: 873-900.
Edwards, S., Gómez Biscarri, J. and F. Pérez de Gracia (2003) Stock Market
Cycles, Financial Liberalization and Volatility. Journal of International Money and
Finance,f o r t h c o m i n g .
Errunza, V., Losq, E. and P. Padmanabhan (1992) Tests of Integration, Mild
Segmentation, and Segmentation Hypothesis. Journal of Banking and Finance 16:
949-972.
Forbes, K. and R. Rigobon (2002) No Contagion, only Interdependence: Measur-
ing Stock Market Comovements. Journal of Finance 57: 2223-2261.
Galbraith, J.K. (1954) The Great Crash. Cambridge: Riverside Press.
19Ghysels, E., Harvey, A.C. and E. Renault (1996) Stochastic Volatility. In: Mad-
dala and Rao (eds.) Handbook of Statistics Vol. 14: Statistical Methods in Finance.
Amsterdam: North Holland Publishers.
Goodwin, T.H. (1993) Business-Cycle Analysis with a Markov-Switching Model.
Journal of Business and Economic Statistics 11: 331-339.
Hamilton, J.D. (1989) A New Approach to the Economic Analysis of Nonstation-
ary Time Series and the Business Cycle. Econometrica 57: 357-384.
Hamilton, J.D. (1994) Time Series Analysis. Princeton: Princeton University
Press.
Hamilton, J.D. (2003) Comment on ‘A Comparison of Two Business Cycle Dating
Methods.’ Journal of Economic Dynamics and Control 27: 1691-1693.
Hamilton, J.D. and G. Lin (1996) Stock Market Volatility and the Business Cycle.
Journal of Applied Econometrics 11: 573-593.
Harding, D. and A.R. Pagan (2000) Knowing the Cycle. In Backhouse and Salanti
(eds.) Macroeconomics and the Real World - Volume 1: Econometric Techniques and
Macroeconomics. Oxford: Oxford University Press.
Harding, D. and A.R. Pagan (2002) Dissecting the Cycle: A Methodological In-
vestigation. Journal of Monetary Economics 49: 365-381.
Harding, D. and A.R. Pagan (2003a) A Comparison of Two Business Cycle Dating
Methods. Journal of Economic Dynamics and Control 27: 1681-1690.
Harding, D. and A.R. Pagan (2003b) Rejoinder to James Hamilton. Journal of
Economic Dynamics and Control 27: 1695-98.
Kaminsky, G. and S. Schmukler (2003) Short-Run Pain, Long-Run Gain: The
Eﬀects of Financial Liberalization. NBER Working Paper 9787.
Keynes, J.M. (1936) The General Theory of Employment, Interest and Money.
Reprinted in The collected writings of John Maynard Keynes, vol.7, 1973. London:
Macmillan.
Kim, C. and C.R. Nelson (1999) State-Space Models with Regime Switching.C a m -
bridge: MIT Press.
King, R.G. and R. Levine (1993) Finance and Growth: Schumpeter Might Be
Right. Quarterly Journal of Economics 108: 717-737.
Levine, R., Loayza, N. and T. Beck (2000) Financial Intermediation and Growth:
Causality and Causes. Journal of Monetary Economics 46: 31-77.
Levine, R, and S. Zervos (1998) Stock markets, banks and economic growth.
American Economic Review 88: 537-558.
Maddala, G.S. and H. Li (1996) Bootstrap Based Tests in Financial Models. In
Maddala and Rao (eds.) Handbook of Statistics Vol. 14: Statistical Methods in Fi-
nance. Amsterdam: North Holland Publishers.
Maheu, J.M. and T.H. McCurdy (2000) Identifying Bull and Bear Markets in
Stock Returns. Journal of Business and Economic Statistics 18: 100-112.
Pagan, A.R. and K.A. Sossounov (2003) A Simple Framework for Analyzing Bull
and Bear Markets. Journal of Applied Econometrics 18: 23-46.
Ruiz, E. (1994) Quasi-maximum Likelihood Estimation of Stochastic Volatility
Models. Journal of Econometrics 63: 289-306.
Ramchand, L. and R. Susmel (1998) Volatility and cross Correlation across Major
Stock Markets. Journal of Empirical Finance 5: 397-416.
Shiller, R.J. (1989) Market Volatility. Cambridge: MIT Press.
20Shiller, R.J. (2000) Irrational Exuberance. New York: Broadway Books.
Siegel, J.J. (1998) Stocks for the Long Run. New York: McGraw-Hill.
Watson, M.W. (1994) Business-Cycle Durations and Postwar Stabilization of the
U.S. Economy. American Economic Review 84: 24-46.






 483 432 487 462
 7/49-9/89 2/52-1/88 2/49-8/89 7/49-12/87
	))
 37.4 24.9 31.9 22.2
 0.872 0.598 0.667 0.426
 0.161 0.033 0.068 0.080
 0.035 0.039 0.038 0.026
	*+,
 18.3 16.6 12.4 13.4
 -0.310 -0.321 -0.353 -0.206
 -0.030 -0.013 -0.029 0.011






 123 164 145 165
 10/89-2/00 2/88-9/01 9/89-9/01 1/88-9/01
	))
 20.3 30 34 47.3
 0.707 0.715 0.523 0.675
 0.062 0.091 -2e-4 0.116
 0.050 0.044 0.029 0.023
	*+,
 10.5 11 10.8 7.7
 -0.272 -0.333 -0.227 -0.186
 0.023 0.049 0.024 -0.011
 0.046 0.055 0.042 0.032
N: number of observations. T: period. D: average duration. A: average amplitude. EX:
excess from a triangle approximation. V: volatility within the phase.






 1 0.507 0.563 0.622
#$%
& 1 0.768* 0.645







 1 0.865* 0.808* 0.731*
#$%
& 1 0.827* 0.853*
'( 1 0.846*
' 1
The ∗ indicates that the value is outside of the 5% conﬁdence interval. The
conﬁdence intervals have been calculated from simulated series using a Random
Walk with Drift and AR(1) increments,
∆ =  + ∆−1 +   → (01)
that represents the best ﬁtting model to the bull and bear cycles characteristics.
Parameters of this model were estimated for all four countries, and then 10,000
series of length 302 were simulated and the CI calculated. The 2.5% and 97.5%
quantiles of the simulated distribution of the CI are used as critical values. The
speciﬁc values are available upon request. The critical values should be in the
0.35-0.66 range, which is the common range for the rest of the series.






 1 0.203 0.230 0.275
#$%
& 1 0.334* 0.367







 1 0.678* 0.641* 0.447*
#$%
& 1 0.651* 0.450*
'( 1 0.498*
' 1
The ∗ indicate that the  in Table 2 is outside of the 5% conﬁdence interval.
24Table 4. Parameter estimates for the Spanish series
Panel A: Pre-1990
%-*) $. #$/ #$/  %
%*+
 0.009 0.009 0.01 0.009 0.013
 0.174 0.150 0.159 0.174 0.168
2 0.010
+ , +  0 *
!0 0.047 4.5e-5 -0.268 0.038
!1 0.154 0.082
!3!  0.840 0.983 0.981 p11 =0 975




%-*) $. #$/ #$/  %
%*+
 0.009 0.009 0.006 0.009 0.143
 0.101 0.097 0.158 0.101 0.093
2 -0.177
+ , +  0 *
!0 0.062 0.003 -11.25 0.055
!1 0.200 0.019
!3!  0.004 -0.900 0.463 p11 =0 983
!3 0.356 p22 =0 278
1 0.054
2 0.045
25Table 5. Characteristics of the bull and bear markets for simulated
data
Panel A: Pre-1990
%-*) $. #$/ #$/  %
	))









































































































D: average duration in months. A: average amplitude in % return (or loss). EX: excess
from a triangle approximation. V: volatility within the phase in average size of % return
per month. The Table includes the 2.5% and 97.5% values of the simulated distributions
of all four measures. Boldface numbers indicate that the empirical value for the Spanish
stock market data is contained in the 95% simulated conﬁdence interval.
26Table 5 (Continued). Characteristics of the bull and bear markets for
simulated data
Panel B: Post-1990
%-*) $. #$/ #$/  %
	))









































































































D: average duration in months. A: average amplitude in % return (or loss). EX: excess
from a triangle approximation. V: volatility within the phase in average size of % return
per month. The Table includes the 2.5% and 97.5% values of the simulated distributions
of all four measures. Boldface numbers indicate that the empirical value for the Spanish
stock market data is contained in the 95% simulated conﬁdence interval.
27C) A Bear Market with EX>0 D) A Bear Market with EX<0
A) A Bull Market with EX>0 B) A Bull Market with EX<0
A
D
Figure 1: Shape of the Bull / Bear Phases and value of the Excess measure. The
axes correspond to time and stock prices. Consequently, D corresponds to our measure of
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Figure 3: Evolution of market synchronicity in Spain, Germany, the UK and the
US: Comparison of rolling correlation indexes of simple returns (dashed line) and rolling
concordance indexes of bull/bear states (solid line). The rolling window has size 50.
30